Motivation: During evolution, functional regions in genomic sequences tend to be more highly conserved than randomly mutating 'junk DNA' so local sequence similarity often indicates biological functionality. This fact can be used to identify functional elements in large eukaryotic DNA sequences by cross-species sequence comparison. In recent years, several gene-prediction methods have been proposed that work by comparing anonymous genomic sequences, for example from human and mouse. The main advantage of these methods is that they are based on simple and generally applicable measures of (local) sequence similarity; unlike standard gene-finding approaches they do not depend on species-specific training data or on the presence of cognate genes in data bases. As all comparative sequence-analysis methods, the new comparative gene-finding approaches critically rely on the quality of the underlying sequence alignments. Results: Herein, we describe a new implementation of the sequence-alignment program DIALIGN that has been developed for alignment of large genomic sequences. We compare our method to the alignment programs PipMaker, WABA and BLAST and we show that local similarities identified by these programs are highly correlated to protein-coding regions. In our test runs, PipMaker was the most sensitive method while DIALIGN was most specific.
INTRODUCTION
With the huge amount of genomic data that are now available, gene prediction has become a major challenge in computational molecular biology. The goal is to develop computer programs that can automatically identify protein-coding regions in large genomic sequences. Traditionally, there are two distinct approaches to this problem, see, for example, Stormo (2000) or Claverie (1997) for an overview. Ab initio or intrinsic methods use statistical features such as ORF length, codon frequencies and the location of potential splice sites to distinguish coding from non-coding regions in genome sequences (Krogh et al., 1994; Burge and Karlin, 1997; Lukashin and Borodovsky, 1998) . In contrast, extrinsic methods try to find similarities between genomic sequences and known proteins (Gish and States, 1993; Gelfand et al., 1996; Birney and Durbin, 2000) . Both approaches have advantages and limitations. Ab initio methods are able to detect genes with no homologues in protein data bases. It has been shown, however, that the accuracy of these methods is limited (Burge and Karlin, 1998) . Also, ab initio methods rely on statistical models derived from limited sets of training data, so they tend to be biased towards already known genes (Burset and Guigó, 1996) . Homology-based approaches, on the other hand, can reliably identify genes with sufficiently strong similarity to known proteins, but are unable to predict genes to which no homologues are known. Combinations of ab initio and comparative gene recognition methods have been proposed by Frishman et al. (1998) and Usuka and Brendel (2000) .
In recent years, a third way of predicting genes and other functional elements in genomic sequences has been emerging: it is possible to identify biologically functional c Oxford University Press 2002 regions by comparing evolutionary related genomic sequences with each other see Wiehe et al. (2000) and Miller (2001) for a review. The rationale behind this phylogenetic footprinting approach is simple: functional regions are under selective pressure and tend to be more highly conserved than non-functional regions that are subject to random genetic drift, so local sequence similarity usually indicates biological functionality. Several recent studies successfully used cross-species sequence comparison to identify functional regions in large genomic sequences (Ansari-Lari et al., 1998; Jang et al., 1999; Jareborg et al., 1999; Batzoglou et al., 2000; Göttgens et al., 2000; Mallon et al., 2000; Göttgens et al., 2001) and it is now widely accepted that comparative sequence analysis is a powerful and universally applicable tool for genome analysis and annotation. Even the question which genomes should be sequenced next is being discussed in view of the benefits that are to be expected from comparative sequence analysis (Hardison et al., 1997; Miller, 2000) .
The phylogenetic footprinting idea can also be applied to the problem of gene identification. A number of novel gene-prediction tools have been developed that are based on comparative analysis of genomic sequences from evolutionary related organisms (Bafna and Huson, 2000; Batzoglou et al., 2000; Korf et al., 2001; Wiehe et al., 2001; Rinner and Morgenstern, 2001; Novichkov et al., 2001) . The first and most critical step in sequence comparison is to construct an alignment of the sequences in question and the results of any comparative method crucially depend on the discriminative power of the underlying alignments. Global pair-wise or multiple alignment procedures such as the Needleman-Wunsch algorithm (Needleman and Wunsch, 1970) or CLUSTAL W (Thompson et al., 1994) are clearly not appropriate for aligning genomic sequences where local homologies are typically separated by large regions of non-related sequences. Local methods like BLAST (Altschul et al., 1990) , FASTA (Pearson and Lipman, 1988) , or SmithWaterman alignments (Smith and Waterman, 1981) are efficient in detecting isolated peaks of local sequence similarity, but they do not give an overall picture of the homologies among large sequences.
Therefore, several new alignment programs have been developed that are able to cope with large genomic sequences. The DNA Block Aligner (Jareborg et al., 1999) identifies blocks of varying degrees of similarity that may contain small gaps; large gaps between these blocks are treated differently to account for long non-conserved regions in the sequences. This tool is specialized for alignment of non-coding DNA sequences. Another novel tool for genomic sequence alignment is MUMmer (Delcher et al., 1999) . MUMmer is extremely fast and has been successfully used to align entire genomes of closely related species; however, the method seems to have difficulties with aligning sequences from more distantly related organisms, e.g. from primates and rodents.
For gene-prediction purposes, generally applicable alignment methods are needed that can cope with coding as well as non-coding parts of sequences and that are able to align genomic sequences at different evolutionary distances. Such methods are, for example, DIALIGN (Morgenstern et al., 1996; Morgenstern, 1999) , PipMaker (Schwartz et al., 2000) , GLASS (Batzoglou et al., 2000) and WABA (Kent and Zahler, 2000) . DIALIGN constructs pair-wise and multiple alignments from pairs of un-gapped segments of the input sequences, so-called (alignment) fragments. PipMaker aligns genomic sequences based on a new implementation of the Gapped BLAST algorithm (Altschul et al., 1997; Zhang et al., 1998) ; local similarities identified by this program are assembled using a fragment-chaining algorithm by Zhang et al. (1994) . GLASS works by recursively aligning matching k-mers while WABA breaks large genomic sequences into smaller blocks that are then aligned using hidden Markov models. WABA has been used to align entire eukaryotic genomes consisting of tens of millions of base pairs. Herein, we outline a new version of DIALIGN that has been designed for alignment of large genomic sequences. We use two sets of test data to demonstrate that this method can help to identify exons in eukaryotic genomic sequences of several hundred kb in length purely based on sequence similarity. These results are compared to results that were obtained with PipMaker, WABA and BLAST.
MODIFICATIONS TO THE DIALIGN ALIGNMENT PROGRAM (a) Sequence similarity at the nucleotide level and at the peptide level As described in previous papers, DIALIGN constructs alignments as collections of so-called (alignment) fragments, i.e. gap-free local pairwise alignments (Morgenstern et al., 1996; Morgenstern, 1999; Abdeddaïm and Morgenstern, 2001) . The program assigns a weight score to every possible fragment reflecting the degree of similarity among the two segments and then selects a consistent set of fragments maximizing their total weight. For pairwise alignment, this means that a chain of fragments with maximal total weight is selected (Morgenstern, 2000) . If DNA sequences are to be aligned, DIALIGN can measure the similarity between two segments in two distinct ways, see Figure 1 : the similarity can be assessed at the nucleotide level by comparing segments nucleotide-by-nucleotide or at the peptide level by translating DNA segments according to the genetic code and then comparing the resulting peptide segments Tyr Phe Ile Lys using the BLOSUM 62 substitution matrix (Henikoff and Henikoff, 1992) . In both cases, the program calculates the probability of fragments of the same length and (at least) the same sum of matches or BLOSUM scores, respectively, to occur by chance in random sequences. The weight scores are based on these probabilities, see Morgenstern (1999) for more details. With previous versions of DIALIGN, the user had to decide whether the similarity of DNA segments was to be assessed at the nucleotide level or at the peptide level. This is not adequate where large genomic sequences are aligned since coding regions tend to be more highly conserved at the peptide level whereas non-coding functional elements are conserved at the nucleotide level. Consequently, in the new version of the program, segment pairs can be compared simultaneously at both levels. In addition, the peptide-level similarity is calculated for both possible orientations, i.e. for the plus strand and for the reverse complement. For every fragment (segment pair) f , all three respective similarity values are calculated, and the score of f is then defined to be the maximum of these three values. As a result, the program can now produce mixed alignments that consist of nucleotide fragments and peptide fragments in both orientations depending on which
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Fig. 2. Iterative scoring scheme for alignment of long genomic sequences. In the first iteration step, the weight score of a fragment (gap-free segment pair) is calculated based on the probability of its occurrence in random sequences the same length as the input sequences. In subsequent steps, the probability of random occurrence in the intervals between previously detected fragments is considered. In the above example, fragments f 1 and f 2 have been accepted in the first iteration step, based on the probability of random occurrence in sequences the size of the input sequences. In the second iteration step, the weight score of fragment f 3 is calculated based on the probability of finding such a fragment in the space that is left between fragments f 1 and f 2 . This way, homologies that do not appear statistically significant if the input sequences are considered as a whole can be detected if the reduced space between already accepted fragments is considered.
respective type of local similarity is stronger. In the the context of this mixed alignment option, we use the terms N-fragments for segment pairs with stronger similarity at the nucleotide level and P-fragments for segment pairs with stronger similarity at the peptide level.
(b) Iterative alignment procedure Previously, DIALIGN computed the similarity score of a fragment in terms of the probability of its random occurrence in sequences the size of the input sequences and positive scores were assigned only to those fragments that are rather unlikely to occur by chance. While this approach works well with sequences of moderate size it is not sensitive enough to detect small functional elements in large genomic sequences. In the new release of the program, a more sophisticated iterative procedure can be applied: in a first step, the fragments are scored as explained above and a chain of fragments with sufficiently high scores is selected based on this scoring scheme. In subsequent steps, intervals between those fragments that have been selected in previous steps are realigned. Here, fragments are assessed based on the probability of occurrence in the respective intervals, i.e. in the space that is left between the segment pairs that have been previously aligned. This way, segment pairs that do not appear to be statistically significant if the input sequences as a whole are considered can be detected if other parts of the sequences have already been aligned. The number of iteration steps can be specified by the user; to limit accumulation of spurious random fragments, the current implementation of the algorithm uses a default value of three iteration steps.
(c) Anchored alignments DIALIGN has originally been developed to study protein and DNA sequences of relatively small size (e.g. Morgenstern and Atchley, 2001) . During the pair-wise alignment procedure, the program compares each segment within the first sequence-up to a certain maximum segment length-to each segment of the same length within the second sequence. Consequently, the program running time for aligning two sequences was proportional to the product of the sequence lengths (times the maximum segment length) which makes it difficult to apply the method to sequences of more than a few hundred kb in length. One possible way of improving the time efficiency of the program is to anchor the alignment at regions of strong sequence similarity thereby reducing the search space for the alignment procedure.
If anchoring positions x 0 , . . . , x N in sequence 1 and y 0 , . . . , y N in sequence 2 are used such that the program is forced to align position x i to position y i , 0 ≤ i ≤ N , the search space for the alignment procedure is reduced to
compared to the product of the sequence lengths for the non-anchored procedure. With the new implementation of DIALIGN, it is possible to anchor alignments at arbitrary user-defined points. Such anchoring points can be found, for example, by fast sequence-comparison methods such as BLAST (Altschul et al., 1990) , REPuter (Kurtz and Schleiermacher, 1999; Kurtz et al., 2000) or CHAOS (Brudno and Morgenstern, 2002) . Preliminary results indicate that this way the program running time can be reduced by around 95% while the quality of the resulting alignments drops only by 1-2% (M. Brudno and B.Morgenstern, unpublished results) . The anchoring option can also be used to include expert knowledge about known homologies in order to improve the biological quality of the resulting alignments.
TEST RESULTS
To test our method, we used benchmark data from two different sources. First, we aligned 42 pairs of genomic sequences from human and mouse compiled by Jareborg et al. (1999) . These sequences vary in length between less than 6 kb and more than 227 kb (average length 38 kb); they contain a total of 77 known gene pairs. As a second example, we aligned a recently published 105 kb segment from tomato (Ku et al., 2000) to a syntenic 32 kb segment from Arabidopsis thaliana (The Arabidopsis Thaliana Initiative, 2000) that we identified by BLAST searches. Here, the A. thaliana sequence contains nine known genes with a total of 44 exons but not all of these genes have homologues in the tomato sequence. After removeing lowcomplexity regions with the RepeatMasker software (Smit and Green, RepeatMasker at http://repeatmasker.genome. washington.edu/cgi-bin/RepeatMasker), we aligned these data sets with DIALIGN, PipMaker, WABA, BLASTN and TBLASTX. A common feature of these programs is that they clearly distinguish between conserved and nonconserved regions in the output alignments so we could evaluate them by comparing conserved regions that they detected in our test sequences to known exons. For the human-mouse example, we used the human sequence as reference, for the tomato-Arabidopsis example, the reference was Arabidopsis.
The programs in our study are general-purpose alignment programs that are based on universally applicable measures of sequence similarity so they cannot be expected to precisely delimit the boundaries of proteincoding regions. Therefore, we evaluated these programs at the nucleotide level, i.e. we considered nucleotides that are part of identified sequence similarities as true positives (TP) if they also belong to annotated exons and as false positives (FP) if they do not; true and false negatives (TN and FN) are defined accordingly. We used standard measures for prediction accuracy, namely sensitivity Sn = T P/(T P + F N ), specificity Sp = T P/(T P + F P), and approximate correlation
With the new features of DIALIGN described in the previous section, the program distinguishes between two levels of sequence similarity, namely similarity at the nucleotide level (N-fragments) and similarity at the peptide level (P-fragments). In addition, one can distinguish between fragments returned in the first iteration steps (stronger sequence similarity) and those identified in subsequent steps (weaker similarity). To study how these different types of fragments are correlated with protein-coding regions, we evaluated our results at different levels. First, we evaluated the program by considering all fragments returned by the program-i.e. P-fragments and N-fragments-then we ignored N-fragments and considered P-fragments only. To study the effect of the iterative procedure, we did these experiments (a) by considering fragments returned in all three iteration steps that the program performs by default and (b) by considering only those fragments that were returned in the first iteration step.
WABA also distinguishes between different levels of sequence similarity. The hidden Markov model used by this program has three different states to model sequence homology, namely coding regions (C), high similarity (H) and low similarity (L). As with DIALIGN, we looked at these different types of similarities separately and we evaluated WABA in two different ways, namely first by considering only those regions that are characterized as coding (C) and then by considering regions characterized as either coding or high similarity (C + H). DIALIGN, PipMaker and BLAST produce lists of conserved segment pairs (fragments) each of which is associated with some similarity score. Therefore it is straight forward to filter out weaker similarities by applying cut-off values and to evaluate only those fragments that have similarity scores above these values. For the fragments identified by DIALIGN, we used the weight scores described in the methods section as a filtering criterion; we used threshold values between 0 and 30 and ignored all fragments with weight scores below these values. For PipMaker, we considered the percentage-of-identity (PI) values that the program associates with the returned fragments. PipMaker uses these values to graphically represent output alignments as Percent-of-Identity Plots or PIPs. The PI scores, however, turned out to be unsuitable as cut-off criteriathe reason for this is that this scoring scheme does not take into account the length of a fragment so, for example, a short fragment with 80% identity would have the same score as a long fragment with 80% identity. Therefore, instead of using the PI values directly, we used fragment scores sc defined by sc = #matches−#mismatches = len×(2×P I −100)/100 were #matches and #mismatches denote the sum of matches and mismatches, respectively, in a fragment and len is its length. For PipMaker, we applied threshold values between 0 and 200 to filter out low-quality fragments. To local similarities identified by BLASTN and TBLASTX, respectively, we applied varying threshold values with respect to the scores (measured in bits) that BLAST returns.
The results of these test runs are summarized in Tables 1  and 2 , specificity of DIALIGN, PipMaker, WABA and BLAST are plotted against sensitivity with various cut-off values in Figures 3 and 4 and graphical representations of two DIALIGN alignments are shown in Figures 5 and 6. As expected, DIALIGN was more sensitive but less specific if the iterative procedure was applied and, similarly, sensitivity was increased at the expense of specificity if both P-fragments and N-fragments were considered. For the human-mouse test examples, the correlation between fragments returned by DIALIGN and annotated exons was best if only one iteration step was performed but both P-fragments and N-fragments were Specificity Sensitivity "DIALIGN" "PipMaker" "BLASTN" "TBLASTX" "WABA" Fig. 3 . Specificity-sensitivity plot for DIALIGN, PipMaker, WABA, BLASTN and TBLASTX applied to 42 human-mouse sequence pairs compiled by Jareborg et al. (1999) . Similarities identified by these programs were compared to annotated exons. DIALIGN was applied with the new iterative scoring scheme (three iteration steps) and both P-fragments and N-fragments were considered. For DIALIGN and PipMaker, WABA and BLAST, a wide variety of threshold values was applied to the segment pairs returned by these programs as described in the results section. In this example, all three programs have high sensitivity values since all genes in the aligned human sequences have close homologues in the corresponding mouse sequences. By contrast, specificity is lower than in the Arabidopsis-tomato example (Figure 4 ) since, because of the relatively small evolutionary distance between human and rodent, there is still considerable sequence conservation in the noncoding regions of the sequences, compare also Figure 5 .
considered (approximate correlation = 0.57). This was among the highest AC value for the five programs if no cut-off was applied to the resulting alignments (BLASTN performed slightly better with an AC value of 0.58). Here, DIALIGN was the most specific alignment method (Sp = 0.44) while PipMaker was the most sensitive method (Sn = 0.97). For DIALIGN and PipMaker, specificity could be considerably increased by applying a threshold to the fragment scores. A moderate threshold could also increase the approximate correlation value; the highest AC value was obtained by PipMaker with a threshold of 50 (AC = 0.65). Further increased threshold values, however, resulted in decreased approximate correlation. In our Arabidopsis-tomato example, all five alignment programs were more specific but less sensitive than in the human-mouse example. The general tendency, however, was similar for both types of test data in that DIALIGN was most specific and PipMaker was the most sensitive of the three long-range alignment programs. In this example, however, BLASTX was even more sensitive than PipMaker. In the Arabidopsis-tomato Table 1 . Performance of DIALIGN, PipMaker, WABA and BLAST in view of their ability to detect protein-coding regions in large genomic sequences. Test data are 42 human-mouse sequence pairs (Jareborg et al., 1999) . Aligned residues are counted as true positives (TP) if they are part of annotated exons and as false positives (FP) if they are not; non-aligned residues are false negatives (FN) if they belong to exons and true negatives (TN) otherwise. Standard measures for prediction accuracy are used, namely, sensitivity Sn = T P/(T P + F N), specificity Sp = T P/(T P + F P), and approximate correlation AC = 0. F N) alignment, DIALIGN reached higher AC scores than all other programs, but this time the highest AC value was obtained by considering P-fragments returned during all three iteration steps. It should be mentioned that DIALIGN is considerably slower than the other long-range alignment programs in our study (and, of course, far slower than BLAST). For example, WABA aligned a pair of human and murine sequences of 23.8 kb and 19.7 kb, respectively, in 6 minutes and 12 seconds on a Pentium III (451 MHz) under Linux while DIALIGN took 21 minutes and 49 seconds for the same data set on the same machine. A direct comparison of these results with PipMaker is difficult since PipMaker is only accessible through a WWW interface (http://bio.cse.psu.edu/pipmaker/) but the PipMaker WWW server returned an alignment of the above sequences by e-mail in a matter of seconds.
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DISCUSSION
Comparative analysis of large genomic sequences is an efficient and increasingly important way of predicting functional elements such as protein-coding regions or regulatory elements. Recently, a number of gene-finding algorithms have been proposed that are based on alignments of syntenic genomic sequences (Bafna and Huson, 2000; Batzoglou et al., 2000; Korf et al., 2001; Wiehe et al., 2001; Novichkov et al., 2001) . While standard geneprediction programs either require detailed statistical knowledge about the genes to be detected or depend on the presence of closely related known genes or proteins in databases, the main advantage of the new comparative methods is that they are based on simple measures of local sequence similarity. They are therefore generally applicable without requiring any species-specific training data-provided syntenic sequences from related organisms are available. As all comparative sequence-analysis methods, homology-based gene-finding approaches critically depend on sensitivity and specificity of the underlying alignment tools.
In this paper, we described a new version of the alignment program DIALIGN and we evaluated this program together with four alternative alignment tools, PipMaker, WABA, BLASTN and TBLASTX. Our results show that local sequence similarities identified by these tools are highly correlated to protein-coding exons, see for example . Specificity-sensitivity plot for different alignment programs applied to a pair of large genomic sequences from A. thaliana and tomato. Thresholds and parameter settings are as in Figure 3 , a graphical representation of the DIALIGN alignment of these sequences is shown in Figure 6 . We have deliberately chosen a sequence pair with little overall similarity so some of the genes are contained in only one of the two sequences and can therefore not be detected by aligning this sequence pair. Consequently, all three alignment programs have low sensitivity values. By contrast, their specificity is much higher than in the human-mouse example (Figure 3 and 5) since among the Arabidopsis-tomato test sequences there seems to be little sequence conservation outside the proteincoding regions.
these experiments is that, among the long-range alignment programs that we have tested, PipMaker is the most sensitive method while DIALIGN is most specific. Figures 3  and 4 demonstrate that, for a wide range of parameters, DIALIGN is more specific than all other programs in our study while having the same sensitivity. With the mixed-alignment option introduced in this paper, DIALIGN can directly compare two distinct levels of sequences similarity, namely similarity at the nucleotide level and at the peptide level. Sensitivity to peptide-level similarity is particularly important where sequences from distantly related species are compared and a large proportion of synonymous substitutions have occurred. Rivas and Eddy recently proposed a HMM-based algorithm that is able to distinguish these different levels of sequence similarity in a given alignment in order to discriminate between protein-coding genes and non-coding RNA genes (Rivas and Eddy, 2001 ). In contrast, our approach considers nucleotide-level and peptide-level similarity to construct alignments of genomic sequences that may be locally related at both respective levels.
Comparison of the BLASTN and TBLASTX results demonstrates that, for closely related species, sequence comparison at the nucleotide level can give better results than comparison at the peptide level while, for larger evolutionary distances, analysis at the peptide level is superior; this result is in accordance with similar observations by Wiehe et al. (2000) . To our knowledge, DIALIGN and WABA are currently the only available tools that consider these two types of similarity in the process of sequence alignment. This enables these methods to identify conserved protein-coding regions in unaligned sequences of distantly related species by their similarity at the peptide level while, in the same alignments, conserved non-coding regions can be detected by their similarity at the nucleotide level. Recent results on local sequence conservation in non-coding DNA suggest that the latter similarities may correspond to non-coding functional sites such as regulatory elements (Loots et al., 2000; Wasserman et al., 2000; Göttgens et al., 2000 Göttgens et al., , 2001 . The iterative scoring scheme introduced in this paper makes it possible to detect highly conserved regions in a first iteration step while in subsequent steps, weaker similarities that may correspond to smaller functional elements can be identified.
Long-range sequence alignments can reveal homologies provided they occur in the same relative order within the input sequences. This restriction limits the number of local similarities that can be represented in one single alignment; it works as a filter that can greatly reduce the noise generated by spurious sequence similarities. Orderpreserving alignment methods can therefore detect even weak local homologies that would seem insignificant if they were found isolated in the input sequences-as long as they are co-linear with other homologies. For this reason, for example, PipMaker uses a lower threshold value and is therefore more sensitive if the chaining option is used that respects the order of local similarities and returns an optimal chain of local alignments. It is well known that large-scale genome rearrangements occur relatively rarely during evolution so, even for distantly related species, gene order is conserved within large parts of the genome sequence. Consequently, order-preserving long-range alignment methods are generally superior to alternative approaches that return collections of local sequence similarities regardless of their relative order.
If distantly related species are compared, the colinearity requirement is, however, a certain limitation as functional sites occurring in different order in the input sequences will necessarily be missed. In Figure 6 , for example, the tomato sequence contains large insertions relative to its counterpart from Arabidopsis and vice versa. Since exons cannot be detected by aligning these two regions, DIALIGN, PipMaker, WABA and BLAST had relative low sensitivity and approximate correlation values. In the tomato-Arabidopsis example, on the other hand, all alignment methods that we tested were highly specific since the evolutionary distance between is relatively large and there seems to be little conservation in the non-functional parts of the sequences. The situation is different with the human-mouse sequence pairs that we have used as our first test data. Here, gene order and orientation are largely conserved so most exons could be detected by sequence alignment. In this example, the problem was rather that-because of the relatively small evolutionary distance between primates and rodents-considerable stretches of non-coding sequence are conserved as well. Consequently, all alignment methods were highly sensitive but less specific than in the tomato-Thaliana example.
Generally, the results of any comparative sequence analysis method crucially depend on the evolutionary distance between the analyzed sequences. The distance should be large enough to ensure that conserved functional elements can be distinguished from randomly mutating 'junk' DNA. However, since only those functional sites can be detected that appear in the same relative order and orientation, the compared sequences should not be too far apart. With the growing amount of genome data that are available in public databases, syntenic sequences at varying evolutionary distances can be identified and compared and future studies will show which distances are most appropriate to detect exons and other functional elements.
